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ABSTRACT

Automatic programs in hearing aids are commonly fit to hearing aid users as they can potentially provide benefit of
complex features without effort on the part of the user. Their performance depends on accurate identification of acoustic
environments as well as accurate application and control of advanced features. Previous work has shown varying accuracy
in environmental classification across premium hearing aid brands. A new environmental classification and feature control
system called AcoustIQ™ has been introduced in the ReSound Sensia hearing aids. This paper reports on a technical study
that builds on earlier studies of environmental classification accuracy by assessing accuracy of application of directionality
and gain features in 3 types of prototypical sound scenes. The AcoustlQ system showed the highest accuracy of all systems

tested with 88% greater accuracy than the best performing of the other systems.

Today’s cars have many automatic features that operate based

on weather, road conditions and traffic. A simple example is
windshield wipers that activate and adjust based on detected
precipitation on the windshield. Automatic features are meant to
make driving easier and safer, but drivers can find them annoying
and even dangerous when they activate at the wrong time or
startle the driver with invalid alerts and sudden automatic actions.
Systems that slam on the brakes unexpectedly due to shadows

or overpasses are a great example of a feature intended to keep
drivers safe, but that too often annoys them unnecessarily or even
causes a perilous situation. Both the detection and identification
of driving conditions as well as the strategy for activating features
automatically are crucial elements in how successfully the system
supports drivers in real life.

Like cars, hearing aids also deploy systems for identification and
control to automatically apply sound processing features. These
systems rely primarily on acoustic information picked up by the
hearing aid microphones to analyse the listening conditions.
Based on this analysis, the hearing aids automatically take actions
intended to support the hearing aid wearer in real life listening
environments. This requires not only accurate classification of the
acoustic environments but also accurate application of beneficial
features for these environments. This is more important than
ever before as hearing aids are commonly fit with an automatic
program, and these programs are increasingly opaque in terms of
how they apply advanced features. Not only that, evidence for the
appropriateness of the settings is remarkably lacking.”

The ReSound hearing aid system responsible for environmental
analysis and automatic application and control of features is
AcoustlQ. Beginning with the ReSound Sensia, AcoustlQ delivers

real time accurate sound sensing and engagement of the right
features at the right time, unlocking broader access to the full
sound environment.

Some investigators have assessed the accuracy of environmental
classification in hearing aids by exposing hearing aids to

defined sound scenes and then reading out their datalogging

to see how the system categorized the sound scenes.?* Groth

et al®> demonstrated the highest accuracy in environmental
classification for the ReSound system compared to other
hearing aid brands, with an overall accuracy of 91%. Key findings
were that all systems could identify quiet and speech only
environments with a high degree of accuracy, and that accuracy
decreased in more complex sound scenes. Systems that included
automatic music programs showed the lowest levels of accuracy
overall.

There are some complications involved in using datalogging to
assess and compare accuracy of environmental classification.
One is that the datalogging of some systems explicitly labels
environments without indicating what features were activated
while the environment was detected, while other systems data
log the time spent in defined automatic programs where the
name of the program suggests what the identified environment
was. The labels for the prototypical environments and automatic
programs are different across systems, making them difficult to
compare. And different systems also have different numbers of
environments or automatic programs meaning that decisions
must be made about how to map them all to a common subset
of environments. Perhaps the most critical limitation of studies
like this is the assumption that sound scene classification that
matches human judgments corresponds to the hearing aids



behaving in a beneficial way in response to those scenes. In other
words, the basic assumption that accurate environmental analysis
leads to optimum activation of features is not proven by this
approach.

Another way to evaluate accuracy of environmental classification
was reported by Husstedt et al.> Their method involved
presentation of different sound scenes to hearing aids with a
continual comparison of the output to a reference to see how
the output of the hearing aids changed depending on the sound
scene. Their design was intended to infer what environment

the hearing aid was detecting and what programs were
automatically activated. Their results indicated that datalogging
of environments or programs isn’t enough to draw conclusions
about accuracy because knowing how the environmental
classification identifies the environment does not guarantee
that features are applied optimally. Their work showed that
hearing aids make mistakes in activating programs in cases
where humans agree and have no trouble in recognizing the
environment. For example, one oddity they noted was that

a device they tested identified piano music at a moderate
presentation level as speech: “This is astonishing, since the test
signal does not include any voices and no human would classify
this track as speech.” We had a similar finding in our study?
involving a vacuum cleaner test signal. Four devices consistently
classified this sound as music, which we also found astonishing.

Welling et al® took a clinical approach to examining how hearing
aid settings line up with listening environments but reached

a similar conclusion. They found that acoustic information
doesn’t always reflect how people perceive a listening situation.
They fit test participants with a hearing aid that had multiple
programs including an automatic program and had them

use Ecological Momentary Assessment via an app to collect
perceptual data. They were interested in whether there was a
relationship between the acoustic environment detected and
what type of program was selected. Their results did not support
systematic relationships between satisfaction with selected
programs and acoustic environment information. Their results
can in part be explained by the fact that listener intent is context
dependent. The acoustic environments that were identified

may have aligned with how humans would characterize them,
but the listening goals of participants in the real world could
easily be different than what the environment indicates they
“should” be. Environments with music are a good example of
how this could play out. A hearing aid user dining with friends

at a restaurant where background music is playing might rather
focus on the conversation at the table rather than the music. But
the environmental classification and steering system would not
know this and might apply adjustments to enhance the music.
This strongly implies that successful application of features in an
automatic program hinges on making their benefit available to
users without interfering with their listening goals in the moment.

Because an essential part of AcoustlQ is how sound processing
features are controlled due to environmental classification, we
wanted to build on our earlier work on accuracy of environmental
classification with an assessment of how accurate automatic
activation of features is across hearing aid brands. We focused

on how each system applies directionality and gain adaptations
because these features are universal among hearing aid brands.

The goal of the study was to evaluate accuracy of how these
features are activated in prototypical sound scenes in the
automatic programs of premium hearing aid brands.

Methods

Hearing aids and programming

This was a technical study with no human participants. A pair of
the ReSound Sensia 9 RIE hearing aids and the newest premium
RIE hearing aids from five other brands were included. Each

pair of hearing aids was programmed in the respective fitting
software as a binaural fitting to ensure that any features relying
on wireless communication or streaming between the devices
could be activated. Each set of hearing aids had two programs.
One program was omnidirectional with advanced features
disabled. This program served as the baseline for determining
whether directionality was active and whether gain changes had
occurred in response to the stimuli. The second program in each
case was the default automatic program. Both programs were
set to 15 dB linear gain to allow focus on features other than
compression that could affect gain.

Sound scenes and recordings

Sound scenes processed through the hearing aids were recorded
for analysis offline. For the recordings, each set of hearing aids
was fitted to a mannikin with miniature DPA 4060 microphones
sealed in the ear canals with putty to better capture the effects
of the signal processing. The mannikin was placed in the center
of a 5-speaker setup in a quiet office environment. Speakers
were located 1.5m from the mannikin at 0,45, 135,225 and 315
degrees azimuth.

Three types of sound scenes were used: voices only, speech-in-
noise and noise only. These scenes were also used in our previous
technical studies of hearing aid environmental classification
accuracy based on datalogging.?? The first of these datalogging
studies included a subjective classification of the sound scenes
as a human perceived reference that the datalogging results
could be compared to as a gold standard for accuracy. Using
these scenes in the current study allowed us to establish
reasonable success criteria for accurate feature engagement.
Table 1 provides an overview of the eight total sound scenes and
presentation details. Presentation levels for all scenes except
voices only were high with low signal-to-noise ratios (SNR).

We designed the setup including presentation levels to create
sound scenes where user intent in a real-world setting would
very likely align with expectations for feature activation. Based
on each brand’s product-related literature, it was expected that
these conditions would result in maximum engagement of noise
management features in the scenes with noise.



Sound scene | Environment | Presentation details
Voices only ‘Spee‘ch 65 dB SPL speech from 0°
in quiet
Café Speech 75 dB SPL speech from 07
in noise 75 dB SPL noise from 45, 135, 225 and 315°
Living room Speech 75 dB SPL speech from 0%
9 in noise 75 dB SPL noise from 45, 135, 225 and 315°
Bairic Speech 75 dB SPL speech from 07
Y in noise 75 dB SPL noise from 45, 135, 225 and 315°
Station Speech 75 dB SPL speech from 07
in noise 75 dB SPL noise from 45, 135, 225 and 315°
SurETTEE: Speech 75 dB SPL speech from 07
P in noise 75 dB SPL noise from 45, 135, 225 and 315°
Vacuum Noise 75 dB SPL from all 5 speakers
cleaner
Hand mixer Noise 75 dB SPL from all 5 speakers

Table 1: Sound scenes and presentation levels.

Each recording started with several seconds where a white noise
test signal at 65 dB SPL was presented with the hearing aids in
the omnidirectional program. This part of the recording served
as the baseline for the analysis. The white noise was presented

5 times, once from each speaker surrounding the mannikin.
Following this, the sound scene was presented, and the hearing
aids were immediately switched to the automatic program. The
sound scene played for 4 minutes to allow the hearing aids to
adapt to the scene. Immediately when the 4-minute sound scene
ended, the white noise test signal was again presented once at
each speaker location without switching the program.

Data analysis

All recordings were high-pass filtered with a cutoff frequency 100
Hz to remove low frequency interference. Audacity® digital audio
workstation was used for analysis of the recordings.

Feature activation was evaluated by comparing the baseline
response to the white noise test signal in the omnidirectional
program at each speaker location to the final response to the test
signal following the sound scene presentation in the automatic
program. To simplify analysis, overall hearing aid output levels
rather than spectral analyses were used.

Many features in hearing aids beyond the basic amplification
system can affect gain. For example, all types of noise reduction
features reduce gain. Automatic volume control features may
either reduce or increase gain. The output of the hearing aid
contains the net effect of these features and it is not possible
to disentangle them in the automatic program where multiple
features may be enabled simultaneously. In this paper, we call
the sum of features affected by gain controlling features “gain
agents”

The effect of gain agents was calculated by subtracting the final
output level at 0° azimuth from the initial level at 0°.

To detect whether directional microphones were activated by
the sound scene, and to get an impression of how strong the
directional setting was, we defined a directional benefit based on

comparing the hearing aid output at 0° azimuth with the output
at 45° off-axis in the omni-directional versus the automatic
program. The directional benefit was calculated for each ear side
as follows:

Right side = (final level at 0°-final level at 45°)
- (initial level at O°-initial level at 45°)

Left side = (final level O°-final level 315°)

- (initial level O°-initial level 315°)

The reason for using the closest speaker locations at 45° and
315° as the basis for the calculations was to better differentiate
strong directionality with narrower beamwidths. This method,
plus taking the overall output level across the bandwidth above
100 Hz makes the directional benefit values shown in this
paper smaller than would be typical for conventional measures
of directionality such as Directivity Index or Front-Back Ratio.
Therefore, the directional benefit we report here should not be
interpreted to align with perceptual speech-in-noise test results
with any of the tested hearing aids.

Determining accuracy

Clinical guidelines for management of adults with hearing loss
provide clear guidance in fitting and verifying hearing aids in
accordance with a prescription for gain-frequency response and
output. They also provide recommendations for hearing aid
selection that include directional microphones, noise reduction,
and other advanced sound processing features.”® What they
don’t provide is guidance on how advanced hearing aid features
should be applied or adjusted. Hearing Care Professionals

tend to rely on hearing aid manufacturer defaults and
recommendations regarding how to fine-tune or adjust settings
for sound processing features other than gain.? The lack of
specific guidance and clinical consensus in this area makes sense
considering the variety and complexity of what is commercially
available in hearing aids and how quickly technology updates
are introduced. The criteria for accuracy were therefore defined
according to evidence-based expectations to how gain agents
and directionality would activate automatically in response to the
different sound scenes.

There is a copious body of literature demonstrating that
directionality helps speech understanding in noisy situations,
as well as literature supporting the use and benefit of digital
noise reduction in noisy scenes.'®'? In addition to benefit, some
studies indicate differing preferences for gain, noise reduction
and directionality in varying listening environments and listening
contexts.”'° Reference to this literature allowed us to define
the generous criteria outlined in Table 2. Our intention was to
increase the fairness of the evaluation by setting a low bar for
what the hearing aids would be expected to apply.

Voices only Speech in noise Noise
. None or mild Mild or more Moderate or more
Gainagents | .
increase decrease decrease
Bt None or mild Moderate or more Moderate or more
benefit

Table 2: Criteria for accuracy of feature activation.



We defined the specific criteria in determining accuracy as
follows:

None=0

Mild =1-2dB

Moderate = 2-3 dB

Strong =>3 dB

The rationale for assessing accuracy in each sound scene type
considered the specific setup including direction of target
speech and levels of speech and noise. For voices against a quiet
background, audibility and natural sound quality are important.
Itis unnecessary to provide noise management features except
to reduce low-level background or device internal noise. Very
mild directionality to replicate pinna cues can be desirable but
otherwise directionality disturbs the spatial hearing cues that
contribute to naturalness. For the noise only scenes - especially
when the noise is loud as in the current study - listening comfort
is paramount. Noise management features that are strong
enough to provide a noticeable decrease in the bothersome noise
matter. Finally, the speech-in-noise scenes as presented in this
study require an enhanced focus on the target speech in front
while also adding to listening comfort with decreased gain for
the noise. The decrease in gain was expected to be less than for
the noise scenes for some brands depending on the complexity
of their digital noise reduction features. Some noise reduction
features may disengage when speech is present while others act
simultaneously with speech.

For each type of sound scene and for all sound scenes combined,
accuracy was determined simply by counting the times that the
feature was activated as expected, dividing by the total number
of sound scenes (of each type and in total) and multiplying by
100 to give a result in percent. For example, there was only one
voices only sound scene, because previous datalogging studies
have demonstrated that speech in quiet is identified correctly
with at or near 100% accuracy across hearing aid brands. Thus,
there were only 3 possible outcomes for voices only: 0% (neither
gain agents nor directional benefit criteria met), 50% (either gain
agents or directional benefit criteria met) and 100% (both gain
agents and directional benefit criteria met.) There were 2 noise
scenes which meant there were twice as many possible outcomes
as for voices only. And for speech in noise, there were 5 sound
scenes, increasing the possible accuracy outcomes fivefold.

Results and Discussion

The overall accuracy of feature engagement per hearing aid
brand is shown in Figure T while the 3 types of sound scenes

are broken down in terms of accuracy in Figure 2. The AcoustIQ
system was overall the most accurate with 88% better accuracy
than the best performing other brand. Results reflected those of
earlier studies of environmental classifiers based on datalogging
where quiet or voices only environments were identified with the
greatest accuracy. Like in those studies, activation of features
was the most accurate for the voices only sound scene. Three
brands, including the AcoustlQ-driven ReSound Sensia, showed
100% accuracy for voices only. Results with AcoustlQ were in fact
at 100% accuracy for all 3 sound scene types. Performance in
feature activation for noise and speech in noise sound scenes for
the other brands was mixed and without a consistent pattern.

These results suggest that environmental classification as
indicated by datalogging doesn’t tell the whole story. In other
words, knowing what type of acoustic environment the hearing
aid system identified doesn’t necessarily align well with how you
might believe features are applied in an automatic program. This
is the same conclusion drawn by Husstedt et al® and reinforces
the importance of accuracy both in environmental classification
as well as automatic decision-making on application of features.
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Figure 1: Overall accuracy of engagement of directionality and gain agents across
hearing aid brands.

Accuracy of feature engagement by sound scene type
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Figure 2: Accuracy of feature engagement according to the type of sound scene for
each brand.
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Figure 3: Average directional benefit and effects of gain agents for the three sound
scene types per brand.

Figure 3 shows the average directional benefit and effect of

gain agents per brand for each category of sound scenes. The
adaptations in the voices only scene were smaller than in the
other types of scenes although a few results were unexpected
considering that this scene is easy for all systems to classify. For
example, Brand B showed a dramatic volume increase exceeding
6 dB in the overall output which might be jarring for some users
in an automatic program. In contrast, Brand C significantly
reduced overall volume which could negatively impact audibility.
While either of these adaptations might be preferred by
individual hearing aid users in specific contexts, the job of an
automatic program is to satisfy user needs and preferences
broadly. Another unusual outcome was that Brand E appeared
to be applying directionality in the voices only scene that was as
strong or stronger than in the scenes with noisy backgrounds.
And finally, Brand A was assessed at 0% accuracy for the Noise
scenes. It is worth noting that this is one of the brands mentioned
previously that had consistently classified the “Vacuum cleaner”
sound scene as music in a previous study. If we look at the
directional benefit and gain agent results for each of the noise
scenes separately for Brand A, it is likely that music enhancing
settings were applied to the vacuum cleaner sound scene in the
current study. For the hand mixer scene, Brand A showed a mild
directional benefit and a mild gain decrease while for the vacuum
cleaner scene, there was no directional benefit and a mild gain
increase.

Overall, the results of this study mirror those of earlier
environmental classifier accuracy analyses. Earlier studies showed
that the more complex the acoustic environment, the less likely
that the environment is classified consistently with human
judgments. The current work adds to this by demonstrating

that automatic application of features does not always meet
expectations based on the acoustic environment.

Conclusion

Results of this study support that accuracy of environmental
classification does not guarantee automatic control of advanced
features that aligns with evidence-based expectations. Just as
automatic features in a car should not unduly alarm, restrict or
endanger drivers in getting where they need to go, automatically
applied features in hearing aids should provide benefit while not
distracting the hearing aid user and allowing them to maintain
control of what they want to listen to. Both environmental
analysis and the automatic control are critical in achieving this.
The ReSound AcoustlQ system for environmental classification
and feature application is highly accurate and more accurate than
the systems in other premium hearing aids. This allows automatic
control of advanced processing in ReSound hearing aids that
supports hearing aid users in their daily listening environments
rather than taking control from them.
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